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Asset stockBridge owners worldwide manage large numbers of assets with limited budgets through risk assess-
ments, using asset-specific data. However, when managing a large stock of aging assets, maintaining
robust and up-to-date data records can be challenging. This issue comes to the fore when trying to under-
stand asset vulnerability to current and future weather events in the context of a changing climate. By
using a sample of data on railway bridges in the UK, this paper explores uncertainty associated with
raw data used in bridge scour risk assessments for bridge stocks and its interaction with climate change
uncertainty. Results indicate that our ability to foresee climate change impacts is not only limited by the
aleatory uncertainty of climate change projections; avoidable uncertainty in basic asset data can out-
weigh aleatory uncertainty by an order of magnitude. Some parameters, such as floodplain width and
the width of abutments, were found to be both subject to high uncertainty and also very influential
for the estimation of scour risk, leading to reduction in the confidence in scour risk assessments. This
finding contrasts with the unchallenged assumption in the field that dimensions of bridge elements
are not associated with uncertainty. The nature of scour implies that a potential increase in the frequency
and severity of extreme weather events will increase scour risk. This paper shows that in order to be able
to understand and account for this increase, scour management processes must effectively address data
uncertainty. Active measures to control data quality would be an effective step towards understanding
and managing bridge resilience in the context of current and future climatic conditions.
 2017 The Author(s). Published by Elsevier Ltd. This is an open access article under the CC BY license
(http://creativecommons.org/licenses/by/4.0/).1. Introduction
Many infrastructure operators worldwide manage large num-
bers of assets. The number of rail bridges in the European Union
is approximately 217,000 [4], while the total number of bridges
in the USA is over 600,000 [3]. Mirzaei et al. [28] compile informa-
tion about 21 bridge management systems from 16 countries
across the globe, used to manage 980,000 objects. Infrastructure
operators often manage bridge stocks with limited budgets
through prioritisation techniques based on risk assessments, using
network- and asset-specific data. However, when managing a large
asset base, maintaining reliable and up-to-date data records can be
a challenging task. The challenge is exacerbated when the infras-
tructure is old and robust data records may have been lost or
non-existent; for example, most of the 28,000 bridges on the
British railway network were built in the 19th century [4]. Thus,asset managers often need to make decisions on the basis of
incomplete and uncertain information, prompting the need for a
robust risk management framework [34]. Numerous additional
uncertainties from various sources affect the decision making pro-
cess in bridge management. Notably, climate change is notoriously
uncertain and its effects on infrastructure are still not well under-
stood by engineers.
The foremost cause of bridge failure worldwide is scour, the
removal of riverbed material at bridge foundations due to the flow
of water [23]. It is also the bridge management risk most likely to
be affected by climate change [45]. Global climate change affects
local weather patterns, resulting in changes in river flow regimes.
This can affect scour depths and the risk of bridge failure. Uncer-
tainties from various sources, including climate change, propagate
through all stages of the risk management process, ultimately
affecting investment decisions. It is important to understand how
uncertainty affects the management of scour risk, as a potential
bridge failure may have severe impacts, both in terms of safety
and operational performance of infrastructure networks. Several
studies have demonstrated the benefits of considering the role of
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[22] and Omenzetter et al. [33].
Uncertainty is often divided into two main types: epistemic
uncertainty, which can be reduced by gathering more information;
and aleatory uncertainty, representing randomness in nature,
which cannot be reduced [1,21]. This is a useful distinction for
bridge managers, because the risks associated with these uncer-
tainties can be managed in different ways. Parameter uncertainty
is generally epistemic in nature, as it can be reduced by further
data gathering. Model uncertainty may also be partly epistemic
in nature, as it can be reduced by model refinement; however, it
may also be partly aleatory, as it cannot always be eliminated
due to natural variability.
This paper explores uncertainty associated with data used in
bridge scour risk assessments at a bridge stock level. Studies to
date have considered many of the inputs to scour prediction mod-
els, such as dimensions of bridge elements, as deterministic and
have not explored uncertainties associated with them. However,
in practice large bridge owners managing aging infrastructure
may not be confident in the available data, which would reflect
on the confidence in scour assessments. This uncertainty is
explored in the context of a changing climate, which is expected
to have an adverse effect on bridge scour risk. Several studies have
previously quantified the effect of climate change on bridge scour
risk [19,46,30,9,12]; these can be expanded to explore the propaga-
tion of climate change uncertainty through the scour risk assess-
ment and its interaction with other sources of uncertainty.
First, the existing knowledge on the propagation of uncertainty
in the link between climate change and scour risk is summarised,
Section 2. Then an uncertainty analysis of the input parameters
for a case study scour risk model is performed, based on 11 ran-
domly selected bridges; here parameter is used to mean the mea-
sured inputs to the scour risk model. The effects of climate change
uncertainty are quantified using probabilistic climate projections.
The uncertainty analysis is combined with a sensitivity analysis
of the case study scour risk model in order to identify the most
influential uncertainties. This can support efforts to increase the
confidence in scour assessments. The detailed analysis methods
are summarised in Section 3.2. Propagation of uncertainty in the link between climate and
scour risk
Uncertainty arises in every analysis stage linking climate
change to bridge scour and propagates through the assessment of
scour risk.2.1. Climate change and hydrological modelling
Modelling of future climate changes is inherently uncertain.
Uncertainty stems from three major sources: natural climate vari-
ability, incomplete understanding of the climate system and
unknown future greenhouse gas emissions. Different approaches
can be employed to manage these uncertainties. For example,
effects of unknown future emissions are often quantified by devel-
oping a range of emission scenarios. Uncertainty stemming from
structural assumptions in different climate models can be assessed
by using ensembles of independent models, thus creating proba-
bilistic projections. Although a variety of tools are available for
the assessment and management of climate uncertainty, it cannot
be completely eliminated and remains a barrier to effective adap-
tation [11,40,31].
Uncertainty in hydrological and climate modelling has been
extensively explored in the literature. Numerous studies explore
the potential impacts of climate change on river flows at specificcatchments, focusing on the role of uncertainties [13,32,35]. Sev-
eral studies have also applied the analysis to multiple catchments,
exploring different catchment responses with respect to river flow.
One example is the study by Ledbetter [25], which is based on nine
catchments in the UK and combines findings from probabilistic cli-
mate change projections with hydrological and flood frequency
modelling. Results vary, depending on the selected catchment,
but generally show that modelling uncertainties associated with
climate change and flood frequency modelling play a major role
in flood estimation. Uncertainty associated with greenhouse gas
emissions can also be significant and its impact increases over
time. Hydrological parameter uncertainty contributes only a small
fraction to the total uncertainty.
The studies above help understand the role of uncertainty in the
link between climate change and flood risk. Their findings can be
useful for later studies, linking climate uncertainty to flow depth
and velocity, which would be directly applicable to bridge scour
risk.
2.2. Hydraulic modelling
Parameter uncertainty in scour prediction is closely linked to
the uncertainty in hydraulic parameters; this has been the focus
of abundant research. A summary of recent literature on the topic
is provided by Lagasse et al. [24]. The study emphasises the major
influence of Manning’s ‘n’ coefficient on the flow distribution for a
given flow and the resulting effect on different types of scour. The
effects of modelling uncertainty can be quantified by comparing
measured data to model results. However, measurements are also
subject to uncertainty. Di Baldassarre and Montanari [8] show that
this can be significant; their study shows the overall error affecting
discharge observations to vary between 6.2% and 42.8% at the 95%
confidence interval, with a mean value of 25.6%.
2.3. Scour modelling
Scour occurs as a combination of three distinct processes: long-
term bed degradation, which occurs naturally in rivers; contraction
scour, caused by the contraction of flow at the bridge opening; and
local scour at a bridge pier or abutment [2]. Thus, it depends on the
non-linear interaction between water flow and sediment transport.
Such processes are known to create complex feedback loops and
realistic scour modelling relies on high resolution geomorphologi-
cal simulation models. However, such models are very resource-
intensive and their widespread application for the management
of large bridge stocks is not feasible. Instead, bridge managers
often have to use simple empirical models to assess and manage
scour risk, which introduces uncertainty to the bridge manage-
ment process. Various scour models are available; Sheppard et al.
[43] list 22 commonly used models. For example, HEC-18 model
[2] is appealing to bridge managers, as it is relatively easy to apply.
However, it does not incorporate some important aspects of scour
mechanics; in particular, it excludes the consideration that local
scour depth reaches a maximum at a critical flow velocity [26].
Also widely used, the Florida Department of Transport FDOT) local
scour model is based on a more thorough consideration of the flow
field around bridge piers [2]. Kirby et al. [20] describe another
scour model, used in numerous countries across Europe, Asia and
South America [6], which also recognises the existence of mini-
mum and maximum local scour depths relative to the flow of
water.
In practice only a small number of scour models explicitly
quantify modelling uncertainty associated with scour predictions.
For example, the model summarised by Kirby et al. [20] includes
a range of safety factors linked to the probability of exceedance
of predicted scour depth. Instead of formally estimating modelling
H. Dikanski et al. / Structural Safety 71 (2018) 1–12 3uncertainty, most widely used methods rely on conservative equa-
tions to account for the inherent uncertainties in predictions. The
degree of conservatism in these equations is not well understood
[24,17]. Lagasse et al. [24] explore parameter and modelling uncer-
tainties in the HEC-18 and FDOT models by comparing modelled
values to field observations; additionally, they provide a compre-
hensive summary of the existing literature on the topic. In order
to estimate pier scour modelling uncertainties in different circum-
stances they compared scour predictions to 699 laboratory-based
measurements and 760 field measurements. Results show that
model uncertainties for the two models vary depending on the
flow conditions. The explored contraction scour model is shown
to be less reliable than local scour models. Lagasse et al. [24] found
that pier scour equations were relatively insensitive to variations
in flow distribution, while contraction scour shows a greater
response to such variations. This has implications for the manage-
ment of bridge scour in a changing climate, suggesting that con-
traction scour may be more sensitive to climate change than
local scour. It was found that the interaction between the different
types of scour contributes to the overall uncertainty.
Parameter uncertainty can be characterised by a probability
density function, defined by distribution type and distribution
properties. The parameters considered to be probabilistic by
Lagasse et al. [24] are mostly relevant to the hydraulic assessment
and the estimation of flow characteristics. Uncertainty in parame-
ters, such as median particle size or uniformity of riverbed material
has not been explicitly assessed. Other inputs to the scour model,
such as dimensions of the structure and channel, are considered
to be deterministic and are not explored in the study. In practice
there may be significant data-related uncertainties relevant to
structure and river dimensions, especially in the case of infrastruc-
ture operators, managing large bridge stocks. One widely acknowl-
edged source of uncertainty is associated with unknown
foundation depths at bridges. RSSB [41] explore the extent of this
issue across the railway network in Great Britain; the study com-
piles 1336 coring records, finding that the mean depth of founda-
tion is 1.2 m below minimum bed level and 67% of the data was
between 0.4 m and 2.4 m. However, the foundation depth at a
number of bridges on the rail network in Great Britain is unknown.
The current paper focuses on the role of parameter uncertainty
and builds upon well-established existing studies focusing on
foundation depth uncertainties by further exploring inaccuracies
in all scour risk model input parameters; scour modelling uncer-
tainty is not a focus of the current research.3. Methods
3.1. Modelling the link between climate change and scour risk
3.1.1. Climate and hydrological modelling
The United Kingdom Climate Projections 2009 UKCP09), the
most recent set of projections for the UK, were used to model the
effects of climate change [29]. The UKCP09 incorporate twelve
international climate models with different structures, enabling
the generation of probabilistic projections for future climate. The
projections can estimate equally probable change factors for
monthly rainfall. By generating 10,000 model realisations and tak-
ing 10th, 50th and 90th percentiles of results uncertainty due to
natural variability and climate modelling is incorporated in the
analysis. Since the launch of UKCP09 IPCC Assessment Report 5
AR5) has been published, which has partly been informed by the
Fifth Coupled Model Intercomparison Project (CMIP5) [16]. Sexton
et al. [42] provide a scientific assessment of the UKCP09, assessing
the continued suitability of the core probabilistic components of
the set of projections in the light of these latest developments inclimate modelling. The study concludes that UKCP09 continues
to provide a valid assessment of future UK climate and it can still
be used for the purposes of adaptation planning. One noteworthy
difference between the UKCP09 and CMIP5 is that according to
the newest projections changes in summer rainfall can be expected
to be somewhat smaller than those, projected by UKCP09. Sexton
et al. [42] suggest that a qualitative consideration of this difference
in projections should be sufficient in adaptation studies; quantita-
tive analysis of CMIP5 data should not generally be necessary.
The UKCP09 make use of three different emission scenarios:
High, Medium and Low; these correspond to scenarios A1FI, A1B
and B2 respectively, as defined by the IPCC Special Report Emission
Scenarios (SRES) [14] and IPCC 4th Assessment Report [15]. Fig. 1
presents a comparison between SRES scenarios and the new Repre-
sentative Concentration Pathways RCPs), used in IPCC AR5 [16].
SRES A1FI is roughly equivalent to RCP8.5, SRES A2 lies between
RCP8.5 and RCP6 and SRES B2 lies between RCP6 and RCP4.5. Anal-
ysis in this paper is done for the 2050s, where the differences
between SRES and RCP emission predictions are smaller. These
emission scenarios cannot be associated with a particular probabil-
ity of occurrence at this point.
For the purposes of estimating local scour, scour risk assess-
ments in the UK typically use a river flow of 1 in 200 years return
period Q200), associated with a 0.5% chance of exceedance in any
year. Q200 is estimated using the Flood Estimation Handbook
FEH), hydrological modelling software for catchments in Great Bri-
tain [39]. The FEH uses a statistical hydrological method, based on
pooling together historical data from similar catchments to obtain
records of sufficient length. The effects of climate change on river
flows are assessed following the FD2020 methodology, developed
as part of work described in a series of research papers [18,36–38].
3.1.2. Hydrological and hydraulic modelling
Flow depths and velocities are estimated using a simple
hydraulic model, which applies Manning’s and Bernoulli’s equa-
tions at two channel cross-sections: one upstream of the structure
and one at the bridge opening. The model of the river channel
assumes a simplified geometry, including a rectangular channel
and rectangular floodplain.
3.1.3. Scour modelling
The scour model explored in this case study is used by Network
Rail, the owner and operator of railway infrastructure in Great Bri-
tain. Generally, in order to better understand uncertainties associ-
ated with the choice of scour model, future research should extend
to include alternative scour prediction models. However, this is
outside the scope of the current paper.
Scour assessments take place at two stages: Stage 1 is a prelim-
inary assessment, which all bridges over water are subjected to.
Any bridge highlighted as being at risk is assessed at Stage 2, which
includes a detailed hydrological and hydraulic assessment and a
more robust data collection process. To estimate local scour at
Stage 1, the method detailed by Bettess [5] is used. This is an
empirical method, which does not precipitate into a single equa-
tion and is excluded from this paper for brevity. The more robust
analysis in Stage 2, which is the focus of this research, relies on
the method detailed by Kirby et al. [20] for bridge piers, Eq. (1):
ds ¼ D  Fvelocity  Fdepth  Fangle  Fshape  Fdebris  SF ð1Þ
where a safety factor (SF) and the width of the pier (D) are multi-
plied by a range of factors (F), accounting for specific conditions
at the bridge; ds is the depth of local scour.
To estimate local scour at abutments, the method of Melville
and Coleman [27] is used, Eq. (2):
ds ¼ KyD  Kh  Ks  KG; ð2Þ
Table 2
Summary of more reliable data sources used to estimate errors in selected parameters
at Stage 1 assessments.
Parameter Source
Floodplain width Environment Agency Flood Maps
Manning’s coefficient
(riverbed)
Conveyance Estimation System
Environment [10]
Manning’s coefficient
(floodplain)
Conveyance Estimation System
Environment [10]
Pier/ Abutment width Stage 2 detailed assessment
Pier length Stage 2 detailed assessment
Approach angle Stage 2 detailed assessment
Foundation depth [42]
Fig. 1. Comparison between RCP and SRES scenarios [17]. UKCP09 High, Medium and Low emission scenarios correspond to SRES scenarios A1FI, A1B and B2 respectively.
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depth of flow, angle of attack, abutment shape and channel
geometry.
To estimate contraction scour, the method detailed by Bettess
[5] is used. The method accounts for a range of factors, including
dimensions of the structure, channel and floodplain, bed material
grading and bends upstream of the bridge; however, variations in
river flow are not accounted for.
Scour risk is estimated following the model detailed by Bettess
[5]. Each structure is given a Preliminary Priority Rating (PPR) fol-
lowing Eq. (3):
PPR ¼ 15þ ln dt
df
 
ð3Þ
where dt is the predicted total scour depth and df is the foundation
depth. If the foundation depth is unknown a depth of 1 m is typi-
cally assumed [41]. The PPR is then adjusted to calculate the Final
Priority Rating (FPR), taking into account a variety of considerations,
including the stability of the river and bank, severity of extreme
events and the load bearing material. The FPR score is a dimension-
less value that is used to compare the relative risks at different
structures, so that they can be prioritised with respect to scour vul-
nerability and criticality. There are three priority categories, sum-
marised in Table 1. Each of them is associated with different
scour management actions. Thus, a structure is classified as ‘High
risk’ once the predicted scour depth exceeds the foundation depth
by a factor of 2.71. Practically, this is a corrective mechanism
accounting for conservative assumptions in the estimation of dt.
3.2. Sensitivity and uncertainty analysis
The uncertainty in different parameters used in Stage 1 assess-
ments is quantified by estimating the errors for each parameter at
11 randomly selected bridges in Wales and the South-West of Eng-
land, UK. To do this data used for Stage 1 assessments is extracted
from Network Rail scour assessment reports and is compared to
more reliable data sources, summarised in Table 2. In reality the
sources in Table 2 are also subjected to uncertainty and error;
however, quantifying this is outside the scope of this paper. Flood-Table 1
Priority categories for scour management,
based on Bettess [5].
FPR Risk category
>16 High risk
<16 | >14 Medium risk
<14 Low riskplain widths are estimated using Environment Agency Flood Maps,
which are based on hydraulic modelling for all major watercourses
nationally. Manning’s coefficient is not used during a Stage 1
assessment; however, it has been necessary for modelling climate
change impacts on scour. To estimate it guidance given by Kirby
et al. [20] is used; errors associated with these estimates are
explored using the Conveyance Estimation System software Envi-
ronment [10]. Any errors in these parameters would be epistemic
and can be reduced by more detailed and robust data sourcing.
The mean error (Eq. (4)) and variance (Eq. (5)) is estimated for
each parameter.
Mean error ¼ l ¼
P
xreliable  xStage1
 
n
ð4Þ
variance ¼ r2 ¼
P
xreliable  xStage1
 2
n
ð5Þ
xStage 1 represents data taken from Stage 1, xreliable is the data from
the more reliable source, as summarised in Table 2, n is the number
of data points, r is the standard deviation.
By assuming parameters in Table 2 are normally distributed, a
two-tailed Student t-test is performed on the data [44], and thus
confidence intervals for the mean error can be estimated. In reality
the errors in parameters, presented in Table 2 may not be normally
distributed; this is a limitation of the current study, but is consid-
ered suitable as a first approach. The t-test is widely applied to
small samples n < 30), where the population variance is unknown,
which is the case with the current study [7].
The estimates for uncertainty in physical parameters in the
scour model are backward looking, derived from past examinations
and data; the uncertainty in the change in river flow, on the other
hand, is derived from projections of future changes in climate and
as such is forward-looking. This difference in uncertainty
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Fig. 2. Change in river flow due to climate change by the 2050s, High emissions scenario (A1FI) at the eleven catchments. Showing 80% uncertainty bands for climate
modelling uncertainty (top) and hydrological modelling uncertainty (bottom).
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Fig. 3. Change in river flow due to climate change by the 2050s, Low emissions scenario (B2) at the selected catchments, showing 80% uncertainty bands for climate
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H. Dikanski et al. / Structural Safety 71 (2018) 1–12 5
-100 0 100 200 300 400 500
Percentage errors
Abutment width
Pier length
Pier width
Floodplain width
Fig. 4. Percentage errors in studied Stage 1 parameters relative to the more reliable measurement, including Student’s t-distribution confidence intervals between 10th and
90th percentiles. The uncertainty bands are symmetric around the mean error.
Table 3
Explored range of variables for sensitivity analysis.
Variable Symbol Range
Floodplain width W0 0 to 12.7 W0
Pier/Abutment width D 0.2  D to 20.0  D
Pier length L 0.6  L to 2.3  L
Approach angle a 0–90
Particle size D50 2  106m to 0.2 m
Foundation depth df 0.1 m to 6.6 m
River discharge Q Q200 – 2.0  Q200
6 H. Dikanski et al. / Structural Safety 71 (2018) 1–12estimation is necessary, due to the nature of the different sources
of uncertainty. The resulting uncertainty estimates are comparable
to one another, especially when combined with the sensitivity
analysis, as detailed below.
By exploring the sensitivity of the scour risk model to its input
parameters the most influential parameters can be identified. This
enables a more comprehensive understanding of the effects of
parameter uncertainties. To complete the sensitivity analysis
inputs to the scour risk model were incrementally varied across a
wide range of values for 28 randomly selected case study bridges
inWales and the South-West of England, UK. Parameters are varied
one at a time across a specified range and the scour risk score (FPR)
is assessed for the structure for every increment. The range, over
which each parameter is varied, is determined using the results
from the uncertainty analysis and represents the widest range of
errors observed in the chosen parameters. In the case of the angle
of attack, the entire range of 0–90 was studied. Previous research
suggests that river discharges of up to 50-year return period are
unlikely to increase by more than 80% across the UK before the
end of the century [18]. This sensitivity analysis studies increases
of up to 100% in order to develop a broader appreciation of poten-
tial sensitivities. The range of foundation depth was obtained from
the study by RSSB [41]. The role of different sources of uncertainty
is explored independently of each other; for example, sensitivity to
changes in water flow are independent of foundation depth and
thus results are applicable both for bridges with known and
unknown foundation depths.4. Results and discussion
4.1. Uncertainty analysis
4.1.1. Climate change
Fig. 2 summarises the effects of climate change on river flows of
20- and 50-year return periods RP) for High emissions scenario
A1FI), for the 11 studied catchments. Mean increases of flow
between 10% and 25% are predicted, depending on the FD2020
classification of the selected site, with results being similar for both
studied return periods. Uncertainty associated with climate mod-
elling is slightly larger than hydrological uncertainty, although
both sources are shown to be significant. Hydrological uncertainty
consistently increases for larger RPs, which is an expected result.
This is also observed for climate uncertainty, but to a lesser extent.
These results are in line with findings from the study by Ledbetter
[25]. However, here hydrological uncertainty is more significant,
due to the generalisations in the chosen model, such as the
assumption of simplified geometry.
The variability of river flow change depending on the choice of
emissions scenario was also explored. Fig. 3 shows a slight
decrease in the mean change in flow for the Low emissions sce-
nario (B2), as compared to High emissions (A1FI). Mean increases
in flow vary between 9% and 19% for the selected sites. Addition-
ally, compared to High emissions, the effect of climate change in
this case is associated with reduced uncertainty. This is an
expected effect, as the modelled effects of climate change intensify
with the increase in emissions, which is associated with greater
modelling uncertainty. Therefore studying the whole uncertainty
range for the High emissions scenario covers the large majority
of plausible flow changes for the studied time period. The choice
of emissions scenario does not affect hydrological uncertainties.4.1.2. Scour model parameters
Fig. 4 summarises the percentage errors in the explored scour
model parameters; these are presented as a percentage of the more
reliable measurement of the parameter. There are non-negligible
errors in all of the studied parameters; the mean error for most
is negative, suggesting that the sample of records used in Stage 1
H. Dikanski et al. / Structural Safety 71 (2018) 1–12 7scour assessments tend to underestimate the actual values for the
studied parameters. This may lead to scour risk being either under-
or over-estimated, depending on the parameter, as shown in Sec-
tion 4.2. Errors in the assessment of floodplain width and abutment
width are shown to be highly variable. This is indicative of a sys-
tematic issue with the collection of these data, which may be asso-
ciated with ambiguity in the definition of the parameter or the way
it is being measured. Such errors may not necessarily be normally
distributed and the respective confidence intervals should be trea-
ted with caution, as the application of the Student t-test assumes
normal distribution of the parent population. These errors can be
reduced by ensuring parameters are clearly defined; additionally,
spot checks using photographs taken as part of assessments can
help identify ongoing issues. Results also show that easily measur-
able parameters, such as pier width and pier length, are subject to
non-trivial uncertainty. This is indicative of the challenge facing
large infrastructure operators for collecting and maintaining
robust asset data.
In addition to the parameters shown in Fig. 4, uncertainty in the
angle of attack was also studied. Results suggest that the mean
error in the recorded angle is 9.1 and the 80% confidence band
for the error is bound between 0.6 and 17.6. Percentage errors
could not be calculated, due to the fact that the angle of attack is
often 0. Although Manning’s coefficient is not directly included
in the scour equations, it is used in the hydraulic analysis and so
errors associated with its estimation were also assessed. The mean
error was found to be +92.8% and 29.7% for Manning’s n of the
riverbed and floodplain, respectively. These relatively large errors
could be expected, as Manning’s coefficient is estimated using an
empirical approximation.0
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Fig. 5. Sensitivity analysis for piers4.2. Sensitivity analysis
In order to understand the significance of the uncertainties
studied in Section 4.1.2 the sensitivity of the scour model to the
different parameters was explored. The analysed ranges of param-
eters, shown in Table 3, were informed by the results from the
uncertainty analysis in Section 4.1.2 and represent the widest
range of errors observed in the chosen parameters.
Fig. 5 shows a summary of the results from the sensitivity anal-
ysis for all inputs to the scour model. The diagram shows the over-
all change of risk score (FPR) resulting from variations across the
entire studied parameter ranges. The most influential parameters
are shown to be foundation depth, pier or abutment width and
floodplain width. Angle of attack is also significant for pier scour,
but not for abutments.
The sensitivity of the risk model to the four most influential
parameters is explored in more detail in Fig. 6, alongside the sen-
sitivity to river discharge. The diagrams also show the level of
uncertainty in each parameter: the vertical red dot-dash line indi-
cates the mean error and the blue dashed lines show the relevant
uncertainty bands- 67% of results for foundation depth and 80% for
all other parameters. These percentage errors are estimated rela-
tive to the recorded Stage 1 data used for assessment, i.e. the ver-
tical dashed line represents the likely true value for each
parameter. Each line in Fig. 6 represents a single bridge and all
lines cross the horizontal axis at 0, since if there is no error in
the parameter there would also be no error in the risk scores, i.e.
(FPR increment)  (Actual FPR) = 0.
Fig. 6a shows that the risk model is highly sensitive to the large
uncertainties associated with foundation depth, especially whereh Angle BMG Discharge Pier length
nalysis
ment
dth
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scour
(top) and abutments (bottom).
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Fig. 6a. Sensitivity of scour risk to variations in foundation depth. Mean error (dot-dash) and 67% uncertainty bands (dotted) are shown.
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H. Dikanski et al. / Structural Safety 71 (2018) 1–12 9foundations are shallow. This makes foundation depth one of the
most influential parameters for scour risk assessment, as scour risk
may be significantly underestimated in case of shallow founda-
tions. The depth of foundations does not influence the estimation
of scour depth, thus its absolute influence on the FPR for all struc-
tures is the same, regardless of other characteristics at individual
sites, see Eq. (3). One site shows no difference in FPR for any of
the studied depths of foundation. The reason for this is that the
assessment flow is insufficient to cause any pier scour, according
to the selected model. This is not the case for abutments, as the
model can estimate abutment scour depths even for very low
flows.
Floodplain width, which was found to be amongst the most
influential parameters in Fig. 5, is studied in detail in Fig. 6b.
Results suggest the width of the floodplain is typically underesti-
mated, leading to underestimated risk scores. Variation in flood-
plain width has only been considered for the estimation of
contraction scour, and thus, its absolute contribution towards the
scour depth for piers and abutments is the same. However, it is evi-
dent that the effect on FPR is larger for abutments than for piers.
The reason for this is that local scour at the abutments of the
selected sites is less than local scour at piers; thus a substantial
increase in the depth of contraction scour has a larger proportional
effect on total scour at abutments than at piers.
Variation in pier and abutment width is very influential in
assessing scour risk, especially for narrow bridge elements, as
shown in Fig. 6c. Results suggest that records for abutment widthsare more uncertain than those for piers, which may be an indica-
tion of a likely ambiguity in the definition of this parameter. It
can be seen that abutment width is likely to be underestimated,
leading to potentially significantly underestimated risk.
Fig. 6d shows the detailed results for the angle of attack. Varia-
tions in this variable may have significant impact on the estimation
of scour risk to piers; the sensitivity for abutments is found to be
negligible. Here percentage errors could not be estimated, as in
most cases the bridge elements are aligned to the flow and the
angle of attack is zero. Variations in pier length only affect some
of the studied structures; pier length only impacts on scour depth
where the pier is not aligned to the flow (angle of attack– 0).
Fig. 6e shows that variations in risk score resulting from plausi-
ble increases in river flow due to climate change have a relatively
small effect on the final risk score when compared to other param-
eters. This is partly due to the capped effect of flow depth and
velocity on local scour depth; local scour increases with flow up
to a point before reaching a maximum value [26]. Contraction
scour estimates in Network Rail are based on static data about
the river and bridge structure and do not explicitly account for
flow. Thus, here discharge variations only affect local scour, which
is a current limitation of the scour risk model, as discussed by
Dikanski et al. [9]. It can be seen that the effect of flow variations
on the pier scour risk at one particular bridge is large, which is
due to the very low initial flow conditions at the site.
Table 4 summarises the expected changes in scour risk score
(FPR) due to predicted errors in parameters or, in the case of river
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Table 4
Summary of expected changes in scour risk score (FPR) due to predicted errors and climate change.
FPR change
Parameters Pier scour Abutment scour
Lower band Mean Upper band Lower band Mean Upper band
Foundation depth 0.93 0.18 1.18 0.93 0.18 1.18
Floodplain width 0.20 0.75 1.69 0.49 1.50 2.85
Width of pier/abutment 0 0.18 0.32 0.25 1.29 2.17
River discharge 0 0.07 0.32 0 0.12 0.40
H. Dikanski et al. / Structural Safety 71 (2018) 1–12 11discharge, predicted increases due to climate change. Lower band
results are compiled by taking the lower band of predicted errors
from Fig. 6 and the FPR response of the 7th percentile bridge, i.e.
the bridge with the third lowest response out the 28-bridge sam-
ple. Upper band results are compiled using the upper band of pre-
dicted errors from Fig. 6 and the 93rd percentile bridge, i.e. the one
with the third highest response. Negative values indicate that the
risk is over-predicted, while positive values indicate that the actual
risk is higher than currently assessed. Results show that in most
cases the errors in parameters would lead to an under-prediction
of actual risk, meaning that exposure to scour risk is likely to be
higher than current assessments suggest. Errors in floodplain
width records are shown to have the largest effect on the estima-
tion of risk both for piers and abutments.4.3. General discussion
From the results presented in this paper, parameters that are
often assumed to be deterministic in the literature are found to
be subject to large and variable uncertainties due to the data used
for assessments. In the case of unknown foundation depth, the high
resulting uncertainty affecting scour risk estimates is a well-
known issue; the results obtained in this paper re-emphasise that
it is one of the largest sources of uncertainty. Furthermore, some
additional parameters, e.g. abutment width and floodplain width,
are also found to have a major influence on the estimation of scour
risk. In practice, this reduces the confidence in scour assessments,
which determine investment priorities for scour interventions. By
understanding the sensitivities of a scour risk model to its inputs,
infrastructure operators can target their efforts in reducing the
uncertainty in the most significant parameters, thereby increasing
confidence in scour assessments. Thus, scour intervention schemes
can truly target the highest priority sites and the value of infras-
tructure investments can be maximised, while risks are effectively
reduced. As a result of research presented in this paper a review of
bridge data used for scour assessments globally is recommended.
This would be an essential first step towards improving bridge
resilience both in the context of current and future climate.
Climate change is associated with significant uncertainty, which
is often quoted as a major barrier to increasing climate resilience.
However, results show that resulting changes in river flows have
a relatively low impact on the estimation of scour risk, as com-
pared to other parameters. This is due to several reasons, including
the use of high initial assessment flows 200-year return period),
exclusion of flow considerations from contraction scour estimation
and exclusion of cumulative effects of scour. In practice, the
increase of flood frequency and severity expected to be brought
about by climate change is likely to increase scour risk, but this
is not being detected by the selected case study model, as shown
by a range of previous studies [19,46,30,9,12]. In order to begin
to understand the true impacts of climate change on bridge scour
risk, asset managers need to reduce epistemic uncertainties,
associated with bridge data, which currently dwarf the effects of
climate change uncertainty on scour risk assessments. This would
be a valuable climate change adaptation measure and an essentialfirst step towards increasing bridge resilience in the context of cur-
rent and future climate.
Although for bridges with unknown foundations, bridge data
uncertainties have been found to be much more influential, com-
pared to climate change uncertainties, this may not be the case
with bridges with known foundations or better defined asset data.
For the latter, the climate change uncertainties may become rela-
tively more significant; an extension of the current work can pro-
vide insight in these relative differences.5. Conclusion
This paper explores the effects of climate change uncertainty on
the analysis of bridge scour risk and compares it to uncertainties in
other inputs to the scour model. This is achieved by using a sample
of data on railway bridges in the UK.
Results indicate that our ability to foresee climate change
impacts on scour risk is not only limited by the aleatory uncer-
tainty of climate change projections but is also greatly influenced
by avoidable uncertainty in basic asset data, which can outweigh
aleatory uncertainty by an order of magnitude. Some parameters,
such as floodplain width and the width of abutments, were found
to be both subject to high uncertainty and also very influential for
the estimation of scour risk, leading to reduction in the confidence
in scour risk assessments. This finding contrasts with the unchal-
lenged assumption in the field that dimensions of bridge elements
are not associated with uncertainty.
Results presented in this paper further indicate that in order to
be able to understand and account for this increase, scour manage-
ment processes must effectively address data uncertainty. Active
measures to control data quality would be an effective step
towards understanding and managing bridge resilience in the con-
text of current and future climatic conditions.
Climate change uncertainty is often quoted as a major barrier
for adaptation. This study contributes to the field by highlighting
that this uncertainty, which can be considered largely aleatory,
may in some cases be overshadowed by other asset uncertainties,
which can easily be reduced. Thus, infrastructure operators can
take effective adaptation steps and achieve ‘quick-wins’ in their cli-
mate change adaptation efforts.
Further research should study model sensitivities and data
uncertainty in different infrastructure operators worldwide to help
understand the scale of the challenge globally. Additionally the
propagation of climate change uncertainty through the assessment
of other risks should be explored in an effort to build a coordinated
system approach to climate change adaptation.Acknowledgements
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